One of the biomedical entity types of relevance for medicine or biosciences are chemical compounds and drugs. The correct detection these entities is critical for other text mining applications building on them, such as adverse drug-reaction detection, medicationrelated fake news or drug-target extraction. Although a significant effort was made to detect mentions of drugs/chemicals in English texts, so far only very limited attempts were made to recognize them in medical documents in other languages. Taking into account the growing amount of medical publications and clinical records written in Spanish, we have organized the first shared task on detecting drug and chemical entities in Spanish medical documents. Additionally, we included a clinical concept-indexing sub-track asking teams to return SNOMED-CT identifiers related to drugs/chemicals for a collection of documents. For this task, named PharmaCoNER, we generated annotation guidelines together with a corpus of 1,000 manually annotated clinical case studies. A total of 22 teams participated in the sub-track 1, (77 system runs), and 7 teams in the sub-track 2 (19 system runs). Top scoring teams used sophisticated deep learning approaches yielding very competitive re-sults with F-measures above 0.91. These results indicate that there is a real interest in promoting biomedical text mining efforts beyond English. We foresee that the PharmaCoNER annotation guidelines, corpus and participant systems will foster the development of new resources for clinical and biomedical text mining systems of Spanish medical data.
Introduction
Efficient access to mentions of drugs, medications and chemical entities contained in clinical texts, scientific articles, patents or even the web is a pressing need shared by biomedical researchers and clinicians . Biomedical text mining is one of the most prolific application domains of natural language processing technologies (Zweigenbaum et al., 2007) . The recognition of pharmaceutical drugs/chemical entities is a critical step required for the subsequent detection of relations with other biomedically relevant entities such as genes/proteins, diseases or adverse reactions (Vazquez et al., 2011) . Text mining and information extraction systems were published that tried to find protein-drug relations (including ligand-protein interactions and pharmacogenomics information), medication-related al-lergies, chemical metabolic reactions, drug-drug interactions (Herrero-Zazo et al., 2013) , diseasedrug relations, as well as drug safety-related issues. The correct identification of drug mentions is also needed for other complex relation types like drug dosage recognition, duration of medical treatments or drug repurposing.
The importance of chemical and drug name recognition motivated several-shared tasks in the past, such as the CHEMDNER tracks (Krallinger et al., 2015) or the i2b2 medication challenge (Uzuner et al., 2010b,a) , with a considerable number of participants and impact (Doan et al., 2010; Yang, 2010) .
Currently, most of the biomedical and clinical NLP research, is done on English documents, while only few tasks were carried out using non-English texts, or were multilingual. Nonetheless, it is important to highlight that there is a considerable amount of biomedically relevant content published in other languages than English, and particularly clinical texts are entirely written in the native language of each country.
Spanish is a language spoken by more than 572 million people in the world today, either as a native, second or foreign language. It is the second language in the world by number of native speakers with more than 477 million people. According to results derived from WHO statistics, just in Spain there are over 180 thousand practicing physicians, more than 247 thousand nursing and midwifery personnel or 55 thousand pharmaceutical personnel. These facts, and the extrapolation to other Spanish speaking countries explains why a considerable subset of the PubMed database records corresponds to Spanish medical articles. Moreover, PubMed does only contain a part of the medical literature originally published in Spanish, which is also stored in other resources such as MEDES, SciELO, IBECS or CUIDEN.
Following the outline of previous chemical/drug NER efforts, in particular the BioCreative CHEMDNER tracks, we have carried out the first task on chemical and drug mention recognition from Spanish medical texts, namely from a corpus of Spanish clinical case studies. Thus, this track addressed the automatic extraction of chemical, drug, gene/protein mentions from clinical case studies written in Spanish. The main aim was to promote the development of named entity recognition tools of practical relevance, that is, chemi-cal and drug mentions in non-English content, determining the current-state-of-the art, identifying challenges and comparing the strategies and results to those published for English data.
Methods

Track Description
The PharmaCoNER track was one of the six tracks of the BioNLP-OST 2019 / EMNLP-IJCNLP workshop 1 . It was the first community challenge track devoted to the recognition of pharmaceutical drugs and chemical entities in medical texts in Spanish.
For this track, two scenarios or sub-tracks were proposed:
• NER offset and entity classification. The first sub-track focused on the recognition and classification of entities.
• Concept indexing. The second sub-track consisted of concept indexing, where, for each document, the participating teams had to generate the list of the unique SNOMED-CT concept identifiers, which were compared to the manually annotated concept IDs corresponding to the pharmaceutical drugs and chemical entities.
Track data
We prepared a manually classified collection of clinical case report sections derived from open access Spanish medical publications, named the Spanish Clinical Case Corpus (SPACCC) 2 . The corpus contained a total of 1,000 clinical cases / 396,988 words. It is noteworthy that this kind of narrative shows properties of both the biomedical and medical literature, as well as clinical records. Case reports are considered as the scientific paper of a single clinical observation. Moreover, the clinical cases were not restricted to a single medical discipline, covering a variety of medical disciplines, including oncology, urology, cardiology, pneumology or infectious diseases. This is key to cover a diverse set of chemicals and drugs. The PharmaCoNER corpus had a total of 7,624 entity mentions, corresponding to four different mention types 3 . Figure 1 shows a screenshot of a clinical case annotated using the BRAT tool. The overall annotation statistics were:
• NORMALIZABLES (normalizable): 4,398 mentions of chemicals that could be manually normalized to a unique concept identifier (primarily SNOMED-CT).
• NO NORMALIZABLES (not normalizable): 50 mentions of chemicals that could not be normalized manually to a unique concept identifier.
• PROTEINAS (proteins): 3,009 mentions of proteins and genes following an adaptation of the BioCreative GPRO track annotation guidelines. This class included also peptides, peptide hormones and antibodies. The annotation process of the PharmaCoNER corpus was inspired by previous annotation schemes and corpora used for the BioCreative CHEMDNER (Krallinger et al., 2015) and GPRO tracks (Pérez-Pérez et al., 2017) , translating the guidelines used for these tracks into Spanish and adapting them to the characteristics and needs of clinically oriented documents by modifying the annotation criteria and rules to cover medical information needs. This adaptation was carried out in collaboration with practicing physicians and medicinal chemistry experts. The adaptation, translation and refinement of the guidelines (Rabal et al., 2018) was done on a sample set of the SPACCC corpus and linked to an iterative process of annotation consistency analysis through interannotator agreement (IAA) studies until a high annotation quality in terms of IAA was reached. The final, IAA measure obtained for this corpus was calculated on a set of 50 records that were double annotated (blinded) by two different expert annotators, reaching a pairwise agreement of 93% on the exact entity mention comparison level and 76% agreement when also the entity concept normalization was taken into account. Entity normalization was carried out primarily against the SNOMED-CT knowledge base. Note that there is a SNOMED-CT version directly released by the Spanish Ministry of Health twice a year.
The PharmaCoNER corpus was randomly sampled into three subsets: the train set (500 clinical cases), and the development and test sets (250 clinical cases each). These clinical cases were manually annotated using a customized version of AnnotateIt. Then, the BRAT annotation toolkit (Stenetorp et al., 2012) was used to correct errors and add missing annotations. The statistics of the number of label for each datasets are shown in Table 1. Together with the test set, we released an additional collection of 3,501 documents (background set 5 ) to make sure that participating teams were not able to do manual corrections and also to promote that these systems would potentially be able to scale to larger data collections.
Moreover, we provided also the following resources: (1) Spanish medical text tokenizer, sentence splitter, lemmatizer and POS tagger; (2) Dictionary of chemicals, compounds and drugs in Spanish; (3) Sense inventory of Spanish medical abbreviation and their long forms; (4) Spanish drug naming file with prefixes and suffixes rules; and (5) a large background set of medical and health documents in Spanish.
Evaluation metrics
We released an evaluation script that supported the evaluation of the predictions of the participating teams. For both sub-tracks, the primary evaluation metrics used consisted of standard measures from the NLP community, namely micro-averaged precision, recall, and balanced F-score, the last one being the official evaluation measure:
where TP = true positives, FP = false positive and FN = false negative.
Teams could submit up to five prediction files (or system runs) in a predefined prediction format: BRAT, for sub-track 1, and TSV files, for sub-track 2.
Participation and Results
Participation
To participate in the PharmaCoNER track it was necessary to register both on the official website 6 and in the CodaLab competition 7 . Training and development sets were made available for download on the official website 8 , and the evaluation script was uploaded to GitHub 9 , to ensure a transparent evaluation.
As we already said, submissions had to be provided in a predefined prediction format: BRAT, for sub-track 1, and TSV files, for sub-track 2. Additionally we plan to release the corpus also in the popular PubAnnotation format (Kim and Wang, 2012) .
The participants had a period of almost two months to develop their system. In the middle of this period, the test and background sets were released with the 3,751 documents that the participants had to process and label, although the final evaluation was done only on the 250 documents corresponding to the test set. The intention was to use the background set to enable the construction of participant-generated Silver Standard corpus. As we have mentioned, the participants could submit a maximum of 5 system runs, and, once the submission deadline expired, we published the Gold Standard annotations of the test set, in order to ensure a transparent evaluation process and help participants to carry out a more detailed error analysis.
A total of 22 teams participated in the sub-track 1, submitting a total of 77 systems, and 7 teams in the sub-track 2, submitting a total of 19 runs. Teams from eleven different nationalities participated in the track: seven teams from Spain, three from China, and one team from each: Finland, France, India, Japan, Romania, Russia, United Kingdom and the United States. Three participants belong to a commercial institution. Table 2 summarizes the most relevant information about the participants (we lack the information from two of the teams, because they registered at CodaLab, but not at our website).
Baseline system
We produced three baseline systems for the track:
The first one is a very simple baseline based on vocabulary transfer, and the other two baseline systems are competitive baselines based on the Phar-maCoNER Tagger (Armengol-Estapé et al., 2019), a deep learning-based tool for automatically finding chemicals and drugs in Spanish medical texts.
In the vocabulary transfer approach, each annotation from the train and development datasets was transferred to the test dataset using strict string matching. For those cases where the text was the same, but the entity type was different, we decided to annotate all entity types that matched that text.
In the two baselines based on the Pharma-CoNER Tagger, we used the default parameters, a hidden layer of size 300, and early stop (best model at epoch 35). The models were trained using the GloVe embeddings (Pennington et al., 2014) from SBWC 10 (from now on baseline-glove) and the Medical Word Embeddings for Spanish (from now on baseline-med). The corpus was tokenized using spaCy. 10 https://github.com/dccuchile/ spanish-word-embeddings Table 3 shows the results for sub-track 1 (NER offset and entity type classification), ordered by team performance (first column), then system performance (second column). The top scoring system was submitted by xiongying, with an F-score of 0.91052, being relatively close to the next two participants: FSL, ranked 2nd with a F-score of 0.90968, and mstoeckel, ranked 3rd with a F-score of 0.89888. Participant Edson submitted five systems that scored almost zero. Once he noticed the error, he submitted two fixed submissions. These submissions were made after the publication of the results but before the release of the test set with GS annotations. These late submissions of Edson are marked with an asterisks in the table, including the hypothetical ranking of his team/systems.
Results
Note that all of the teams were well above the baseline based on vocabulary transfer, which would rank last if we ignored the submission with errors. The competitive baseline trained with the GloVe embeddings would rank 16, and the one trained with embeddings that are specific for clinical texts in Spanish would rank 13. It is remarkable that 12 teams out of 20 managed to beat a very competitive baseline based on a well known Deep Learning tool. Table 4 shows the results for sub-track 2 (Concept Indexing), ordered by team performance (first column), then system performance (second column). The top scoring system for sub-track 2 was submitted by FSL, with a F-score of 0.91593, showing a significantly better result when compared to the second best submission (more than 6 points) provided by ixamed, with a F-score of 0.85347. The third team was xiongying, the best participant in the sub-track 1, with a F-score of 0.83914. Some statistics of the results are shown in Table  6 . There was a high variability among the systems, with a difference of 6 point between the best system and the median for sub-track 1, and of 10 points for sub-track 2. The difference between the best system and the mean of all system was still higher. This proved that the task, was quite difficult.
As additional analysis, results by category, including the best teams for category and metric, are shown in Table 5 . The performance of the systems was systematically better for the NORMAL-IZABLES category, 4-9 points better in respect with the PROTEINAS category. Surprisingly, the median for the NO NORMALIZABLES category was 0, suggesting that at least half of the systems ignored this category.
Combination of systems
In this section, we present an experiment we performed to combine the systems submitted to the track to see if we could improve the results. We combined the systems using a voting scenario: we accepted as good the annotations that had been predicted by N systems.
The first system accepted all the annotations predicted by, at least, one of the systems, while the last one accepted only the annotations that were predicted by, at least, N systems. The results of this experiment are shown in Table 7 . As expected, as the value of N increased (the number of required votes was increased), the recall got worse and the precision improved. Based on the maximum value of F-score for sub-track 1 on the train and development sets we selected 20 as the optimum value for combining systems (Fscore of 0.98408). We used this value for N on the test set, obtaining an F-score of 0.92355, 1.3 points better than the best system. This score was lower than the best one that could be obtained for the test set (0.92426, with N = 18), but the difference was (in practice) negligible.
The combined systems did not improve the results for sub-track 2. The maximum value of Fscore on the train and development sets was obtained combining 6-7 systems (F-score of 0.97352 in the Dev set for N = 6). This scored 0.87073 in the test set, 4.5 points below the best system. This was probably a consequence of amount of systems and the performance gap between the best systems and the others. For the future, we will combine the system using more sophisticated approaches.
Discussion and Conclusions
The results of the first chemical and drug named entity recognition track from clinical case reports in Spanish are very encouraging, both in terms of the number of participants, not only from Spanishspeaking countries, as well as in terms of the obtained system results, which are already reaching a level of performance that would make the resulting tools very valuable resources for processing the vast amount of medical data generated worldwide in Spanish.
We had structured the track into two sub-tracks to cover different practical aspects of the resulting systems. The named entity recognition track of chemicals/drugs had the aim of serving as a building block task for future down-stream text mining of more complex information types, including the detection of medication duration, dosage, drug-drug-interactions, therapeutic target relations and drug/chemical induced adverse effects. The concept-indexing sub-track was more concerned with the development of sophisticated semantic retrieval engines and the exploitation of high impact normative terminologies such as SNOMED CT. Surprisingly we had a considerably higher number of participants for the NER sub-track when compared to the concept-indexing sub-track. Future evaluation efforts should potentially consider also an entity grounding/normalization of chemical and drug mentions in clinical case reports.
Most of the participating systems were based on the use of sophisticated deep learning and neural net approaches, which are becoming the state of the art methods for named entity recognition tasks also in specialized domains such as biomedicine or for non-English data.
When analyzing the more difficult mention types for participating teams, it is still clear that very short abbreviations (1-2 letters) are cumbersome to recognize correctly, due to their high level of implicit ambiguity. Solving such cases would probably require larger manually annotated corpora or the generation of other complementary resources specifically suited for the recognition and resolution of short abbreviations. We did not observe any particular issues related to the clinical disciplines of the case reports, thus it seems that drug NER systems should work well across all medical specialties. It is important to place the very competitive results obtained for Pharma-CoNER into its context, in terms data collections used. When compared to the biomedical literature or medicinal chemistry patents, clinical case reports show a lower degree of variability in terms of the chemicals and drug mentions used, as in the clinic only a limited number of medications and chemical entities are being used for treatment, biochemical testing or explored in clinical settings and analysis.
The construction of high quality Gold Standard manually annotated corpora can be considered one of the major bottlenecks for the development of biomedical named entity recognition systems. During this task, we have promoted the collaborative generation of a larger Silver Standard corpus generated through the predictions of all the participating teams. A more detailed examination of this resource and approaches on how to optimally merge/combine multiple annotations and in turn train new systems using this silver standard dataset might give new insights on how to speed up the creation of new NER tools/annotated datasets.
One of the difficulties we have also encountered during this task was due to the use of a very popular third party platform for organizing online shared tasks on data mining tasks, including text mining and NLP. The explored resource, Codalab, had a server crash, and no proper up to date backup system in place (including user registration info, as well as data collections). Thus, the use of resources with a more focused support for biomedical text mining datasets, corpora, services and shared task organization, such as PubAnnotation would have been a better choice for hosting all the relevant data and predictions for biomedical shared tasks.
